Fire danger indices are used in many countries to estimate the potential fire danger and to issue warnings to local regions. The McArthur fire danger rating system is used in Australia. The McArthur Forest Fire Danger Index (FFDI) uses only meteorological elements. It combines information on wind speed, temperature, relative humidity and recent rainfall to produce a weather index of fire potential. This index is converted into fire danger categories to serve as warnings to the local population and to estimate potential fire supression difficulty. FFDI values above the threshold of 75 are rated as Extreme. We model the spatial behaviour of large values of the FFDI in order to investigate whether a varying threshold across space may serve as a better guide for determining the onset of elevated fire danger. We modify and apply statistical methodology recently developed for spatial extreme events, using a max-stable process to model FFDI data at approximately 17000 data sites. Our method produces a quantile map that can be employed as a spatially varying fire danger threshold. We find that a spatially varying threshold may serve to more accurately represent high fire danger, and we propose an adjustment that varies by local government area. We additionally investigate temporal change, and find evidence of a recent increase in Extreme fire danger in the south-west of Australia. There were no additional comments from reviewers #1, #2 and #4.
Introduction

25
Fire danger rating systems are used around the world to estimate the potential for wild-26 fires to break out, spread, do damage or be controlled (Chandler et al. 1983 , p. 409). Wildfires the fire danger rating systems of McArthur (1966 McArthur ( , 1967 are used. These systems combine 33 weather and fuel information to calculate an index of fire danger that is used to define the 34 fire danger rating. Of the two fire danger rating systems in use in Australia, we constrain our 35 focus to the Forest Fire Danger Index (FFDI), however our methodology could be applied 36 equally to the Grassland Fire Danger Index (Sullivan et al. 2012 ). Tasmania has lower temperatures and a generally lower FFDI than the rest of Australia, 59 however it still has serious bushfires despite the fact that an index value of 75 is rarely subsequently perform spatial interpolation on these univariate model outputs.
96
We modify the methodological framework of Reich and Shaby (2012) to allow for both 97 flexibility and computational feasibility when applied to many thousands of sites. In par-98 ticular, we propose a local spatial dependence function so that observations separated by a 99 predefined distance are independent. This allows for fast updates of site-specific parameters.
100
We also select knot locations with varying densities within different climates. These modifi-101 cations lead to dramatic computational gains. Our implementation will be incorporated into 
105
This article is structured as follows. In Section 2 we discuss the derivation of the FFDI in Section 4.
173
After calculating the FFDI for every site on every day, we take site maxima over an 174 extended fire season, which we define as the period from 1st September to 30th April. This 
178
We subsequently refer to these maxima as annual maxima, even though they are not taken 179 over a calendar year. The SILO data has some observations available for years prior to 1958,
180
but the data quality is poorer and the interpolation methodology is different to the post-1958
181 data, and so we do not use this older information here. of the gridded data is 0.2 
206
To specify spatial dependence, we transform to residuals with a common marginal dis-
so that the marginal distribution of X(s i ) is given by the standard Fréchet distribution
where α ∈ (0, 1] is a spatial dependence parameter and w k (·) are kernel basis functions with
The value K is the number of spatial knots.
213
A knot is simply a spatial location (see Section 3c) and should not be confused with the 214 unit of speed. The specification of w k (·) and K is discussed in Section 3c. Equation (3 to any N locations.
222
The dependence in the model defined by equations (2) and (3) is derived from two sources.
223
Firstly, spatial dependence is derived through the parameter α and the kernel basis functions 224 w k (·). Secondly, dependence can be induced through stochastic model specifications for the Appendix B. It also permits straightforward spatial prediction at unobserved sites.
232
The max-stable process model given above can be fitted to our data using the following 
Then it follows that Y (s i ) are conditionally independent (Reich and Shaby 2012), with
where
This formulation permits Bayesian inference using standard Markov chain Monte Carlo 
where L(·) is the likelihood function as defined in Appendix B, π(τ, α, φ) is the prior density 247 function which is also specified in Appendix B, and e.g. π(µ|φ µ ) is the density derived from 248 the model for µ given in Section 3b. 
where e.g. β µ = (β µ,0 , β µ,1 , . . . ) is a vector of parameters and δ µ is a single scaling parameter.
260
The design matrices X σ and X ξ contain the intercept, the latitude, the longitude and the 
267
The matrix Q as given above is an N by N neighbourhood matrix, with ith diagonal ele- 
277
The above framework defines the density π(µ|φ µ ) in equation (9) as (degenerate) mul-278 tivariate normal, with φ µ = (β µ , δ µ ). Similar definitions apply for π(σ|φ σ ) and π(ξ|φ ξ ).
279
It is also possible to incorporate parameter specifications for Q, subject to the conditions 280 that it must be non-negative definite, and that the computation must be feasible (e.g. Rue 
for k = 1, . . . , K, where K(·) is a kernel and v 1 , . . . , v K are a fixed set of K locations 289 that represent spatial knots. We employ the triweight kernel K(u) which is proportional to
290
(1 − u 2 ) 3 for |u| < 1 and zero otherwise. Initial experiments have shown that it gives similar 291 results to a Gaussian kernel, but has the computational advantage of a closed support that 292 is informed by the data rather than by an arbitrary cut-off.
293
The specification of the number of spatial knots, K, presents a trade-off between com-294 putational burden and the accuracy of the fit. 
301
To specify our knot locations v 1 , . . . , v K , we divide Australia into three regions using six 338 Figure 4 shows that variability also exists in the uncertainty of the quantile estimates.
339
This uncertainty tends to be larger in coastal areas, particularly for the Victorian and New the uncertainty is not due to the spatial coverage of weather stations.
346
In our modelling we treat the SILO gridded data products as raw data, and we therefore 347 ignore any uncertainty that derives from their interpolation methodology. 365 Figure 6 presents the same information as Figure 5 for the state of New South Wales.
366
The general pattern here is for the threshold to increase as we get further from the coastline, Figures 5 and 6 present 10-year return levels, however our model can be used to present variability are therefore the temperature and the relative humidity. We have analyzed both 397 of these drivers using the same techniques as for the FFDI data, using annual tempera-398 ture maxima and relative humidity minima. The resulting quantile maps and estimates of 399 uncertainty that were derived from these models are given in an online supplement.
400
The figures in the online supplement show that annual temperature maxima tend to be 
421
We find that the fire danger severity threshold might be lowered in areas such as Tas- 
448
The KBDI on day t is defined by
where ET is the evapotranspiration in millimeters, and NR is the net rainfall in millimeters,
450
which is the rainfall decreased by an amount to allow for interception and runoff. The 
where T t is the daily maximum temperature on day t andR is the average daily rainfall where wet days are defined using a threshold of 0.2 mm. Let R t be the rainfall and let
R t−i be the current interception amount, where N R is the smallest positive 457 integer such that R t−N R < 0.2. Then the net rainfall is then given by
The calculation of the KBDI from equation (A1) 
for integers i = 0, . . . , 19. Note that 2 mm is used as a threshold here, whereas 0.2 mm is 
where the likelihood function is given by 
Finally, π(τ, α, φ) is defined using the vague independent prior distributions. For the 
where derived from the model of Section 3, applied to data from several decades.
678
The sites are approximately located at the cities given in the legend. 
